Abstract-In recent years, different kinds of natural hazards or man-made disasters happened that were diversified and difficult to control with heavy casualties. In this paper, we focus on the rapid and systematic evacuation of large-scale densities of people after disasters to reduce loss in an effective manner. The optimal evacuation planning is a key challenge and becomes a hotspot of research and development. We design our system based on an Internet of Things (IoT) scenario that utilizes a mobile cloud computing platform in order to develop the crowd lives oriented track and help optimization system (CLOTHO). CLOTHO is an evacuation planning system for large-scale densities of people in disasters. It includes the mobile terminal (IoT side) for data collection and the cloud backend system for storage and analytics. We build our solution upon a typical IoT/fog disaster management scenario and we propose an IoT application based on an evacuation planning algorithm that uses the artificial potential field (APF), which is the core of CLOTHO. APF is conceptualized as an IoT service, and can determine the direction of evacuation automatically according to the gradient direction of the potential field, suitable for rapid evacuation of large population. Based on APF, we propose an evacuation planning algorithm names as APF with relationship attraction (APF-RA). APF-RA guides the evacuees with relationship to move to the same shelter as much as possible, to calm evacuees and realize a more humanitarian evacuation. The experimental results show that CLOTHO (using APF and APF-RA) can effectively improve convergence rate, shorten the evacuation route length and evacuation time, and make the remaining capacity of the surrounding shelters well balanced.
I. INTRODUCTION D
ISASTERS, no matter natural hazards or man-made disasters happened randomly, so in many situations prediction and control becomes complex. In recent years, it seems that serious disasters happened even more frequently, involving widespread human, material, economic, or environmental losses. For example, in 2005, hurricane Katrina swept the coast of Florida and the Gulf of Mexico, killed more than 1800 people, and caused millions of people homeless and great economic losses of more than $340 billion. In 2011, the magnitude-9.0 Tohoku-Oki earthquake off the eastern coast of Japan was one of the largest recorded earthquakes in history. It triggered a devastating tsunami that killed more than 20 000 people and an ongoing nuclear disaster at the Fukushima Daiichi power plant. The number of evacuees was more than ten million. In 2015, A xylene facility leaked oil and caught fire, which led to blasts and a fire at three nearby oil storage tanks at Tenglong Aromatic Hydrocarbon (Zhangzhou) Company Ltd. on the Gulei Peninsula in Zhangzhou City of southeast China's Fujian Province. There was a strong sense of quake within a radius of 40 to 50 km, and more than 11 000 local residents needed to be evacuated.
All above disasters led to a large-scale mass migration refuge behaviors. Rapid and orderly evacuation of the large-scale people after disasters can reduce loss effectively. The efficiently evacuation planning system is the key, which attracts more and more attentions of governments, academia and industry around the world. In addition, the emergence of Fog, Internet of Things (IoT) and cloud computing highlight new opportunities [26] , for example, in the area of disaster management planning and management [1] , data processing [27] as well as in healthcare provisioning [28] .
Currently, many evacuation planning models have been presented. For example, Song et al. [2] , [29] proposed an evacuation probability reasoning model based on the Markov decision process (MDP), Tang et al. [3] presented a robot-assisted evacuation scheme and Boukas et al. [4] presented an accurate cellular automaton simulation model, Kalogeiton et al. [5] presented a dynamic model based on bionics, Di Gangi [6] proposed a dynamic distributed evacuation model, Chen et al. [7] presented a distributed emergency evacuation guidance framework based on wireless sensor networks, Tsai et al. [8] proposed a dynamic eventrelated network model, and Mukherjee et al. [9] presented a population dynamic model based on the Lagrangian method. Many representative emergency evacuation planning systems have been designed and built at the same time. For example, Khan et al. [10] presented an evacuation system based on Macroserv for emergency, Iizuka and Iizuka [11] presented a multiagent-based cooperative emergency evacuation system, Raj and Kar [12] presented a population evacuation system based on distributed mobile sensors, Yu et al. [13] presented an intelligent evacuation guidance system based on image recognition, and Zhu et al. [14] presented a parallel public transport evacuation system based on the artificial societies, computational experiments, and parallel execution approach. EvacSys [15] is a typical evacuation system based on cloud computing.
For solving the evacuation planning problem in disasters, the following difficulties need to be overcomed. 1) When a disaster happens, the evacuees in the affected area are usually in a state of fear, tension, and feelings of helplessness due to the untimely information dissemination and guidance, which affects evacuees' judgments. The herd mentality and unorganized evacuation may cause the congestion of traffic and the imbalance of shelters, which delays the valuable evacuation time. Easy and automatic evacuation can assist in this direction. 2) None of current evacuation planning schemes take the psychological factor of human into consideration in disasters or use the interpersonal relationships to achieve the humanitarian evacuation. In fact, it is important to achieve to appease the feelings of refugees as much as possible to avoid chaos when the disaster happens. In short, the humanitarian evacuation can realize the orderly evacuation and maintain the mental stability of the evacuees. 3) There are many factors influencing the evacuation planning, such as the locations of shelters and evacuees, the traffic situation and the intentions of evacuees, etc. However, the current evacuation planning systems usually consider certain aspects of factors, which affects the efficiency of evacuation or lacks of practicability. In this direction, an IoT-based system can be extremely valuable as will guide the evacuation process based on user mobile phone location services. In view of the above problems, the main contributions of this paper include the following.
1) Based on the IoT and mobile cloud computing paradigms, we construct an evacuation planning system for large-scale evacuees. The system realizes the cooperation between mobile terminals and cloud-based servers, where mobile terminals submit the location information of evacuees and other collected information to cloud servers, the cloud server push the information of disaster to mobile terminals and then provide the personalized evacuation planning schemes for mobile terminals.
2) The core of our solution is the efficient evacuation planning algorithm. We propose an evacuation planning algorithm based on artificial potential field (APF) that establishes a model of APF to describe the complex large-scale evacuation problem with the potential field function. APF simplifies the difficulty of modeling the complex disaster scenario, and enhances the efficiency and accuracy. 3) In order to realize a more humanitarian evacuation, we take the interpersonal relationships into consideration, and propose an evacuation planning algorithm based on APF with relationship attractions (APF-RAs). We introduce the relationship attraction potential field into the ultimate resultant potential field function. Aiming to people safety, evacuees with relationships can be evacuated to the same shelter. Both APF and APF-RA are applied to our solution. Section II analyzes the related works in evacuation planning mechanisms and systems. Section III describes the architecture and the operation process of our system. Section IV describes APF and APF-RA in detail. Then, Section V carries on the contrast experiments to the algorithms and Section VI the conclusions.
II. RELATED WORKS
Song et al. [2] built the model of the large-scale evacuation behaviors by constructing a large human mobility database, and then extract the characteristics of evacuation behaviors for individuals during the disasters. The evacuation behaviors of victims are modeled by the MDP, and then the parameters of the model are trained to find new migration characteristics. A general probabilistic model of evacuees under complicated geographical features is proposed. Tang et al. [3] presented a robot-assisted evacuation scheme, and Boukas et al. [4] presented an accurate cellular automaton simulation model, which are capable of assessing the human behavior and mobility during emergency situations. The setting of parameters of both proposed schemes need to be determined empirically, and there exists a contradiction between temporal and spatial overhead and the solution accuracy. In addition, both schemes do not consider the interactions between the evacuees and the dynamic distribution of the population. Kalogeiton et al. [5] took inspiration from the slime mold behavior and propose a computational bio-inspired model crowd evacuation model. However, the model is only designed and suitable for indoor environments. Di Gangi [6] analyzes a transportation system under emergency conditions and proposes a microscopic dynamic traffic assignment model to determine quantitative indicators of traffic situation in the disaster area. In particular, a new version that is able to allow for multimodal networks and to consider network reliability is introduced. The method only solves the problem of the distribution of the evacuation road network and does not take the humanitarian factors into account. Chen et al. [7] proposed a load-balancing framework for distributed emergency guiding based on wireless sensor networks which can achieve the load balancing and reduce the total evacuation time. And an analytical model is derived, which can provide the fastest path for people to reach an exit according to the evacuation time estimated using the analytical model. However, the scheme is limited to indoor environments. Tsai et al. [8] presented a dynamic event-dependent network model. Rapid calculation and storage of the path becomes an important link in any emergency situation. The model can quickly calculate the evacuation direction of the evacuees to reach the nearest shelter. However, the model does not take the load balancing of shelters into account. In addition, the model does not take global evacuation planning into account. Mukherjee et al. [9] puts forward the Lagrangian approach to the modeling of crowd dynamics by considering the various forces that act between the members of a crowd while they are in motion, which is demonstrated via the Lyapunov energy function and the variable gradient method. But the model has not been applied to disaster scenarios.
Khan et al. [10] proposed a scalable emergency evacuation service, termed the MacroServ which recommends the evacuees with the most preferred routes toward safe locations in disaster scenes. The approach considers real-time road conditions to compute the maximum flow capacity of routes in the transportation network. However, the system need to extend by incorporating more number of parameters and the relevant factors of humanitarian evacuation to address the uncertain factors in emergency. Iizuka and Iizuka [11] presented a system that supports people being evacuated effectively from dangerous situations by using multiagent cooperation. The system evaluates the location of evacuees by using mobile devices and performing distributed computing. A distributed constraint optimization problem is used to model and solve the evacuation problem. Finally, an experiment was carried out using multiagent simulation. However, the formalization in this paper is very simple, it is necessary to introduce a more realistic model and take the problem of load balancing in shelters into consideration. Raj and Kar [12] puts forward a distributed mobile sensing-based crowd evacuation system and the multiple crowd guidance algorithm.
The BigActors model is applied to the system, which can be used for evacuation guidance. But the system is also suitable for indoor environment and lacks of humanitarian consideration. Yu et al. [13] proposed an intelligent guidance system that is a combination of image recognition and digital signage for conducting people to safety. The system uses WSN and RFID to collect the environmental information, and uses smartphones and digital signages to guide people to the exit rapidly. However, the system is only used for indoor environment and needs to deploy digital signages, which brings the high hardware cost. Zhu et al. [14] presented a parallel public transportation system (PPTS) based on the artificial societies. PPTS was applied to the 2010 Guangzhou Asian Games, and the effectiveness is verified through the evaluation of two transportation evacuation plans for the Asian Games. But the system does not take the evacuation of people to the shelters into account and is lack of humanitarian consideration. Khalid et al. [15] presented an emergency evacuation system called EvacSys which is based on cloud computing technology. The biggest problem in the evacuation process is the availability of effective information and through a safe route to evacuate from the affected areas. The cloud-based EvacSys processes a large amount of real-time sensory data to compute safe and appropriate routes for evacuees and emergency vehicles in disaster situations. But the system does not take the psychological state of the evacuees and the problem of humanization evacuation into account.
III. IOT EVACUATION PLANNING SYSTEM
This section presents the generic architecture of the crowd lives oriented track and help optimization system (CLOTHO). We present a typical IoT-based disaster management scenario including people with mobile phones.
A. System Architecture
We design an efficient evacuation planning system for largescale crowd. CLOTHO has four main modules, including the data acquisition, the network transmission, the cloud service, and the user access. The data acquisition module is mainly responsible for collecting the location information of the evacuees, including the latitude and the longitude, via mobile devices, such as smartphones. The network transmission module is responsible for two-way communications between mobile devices and cloud servers based on the basic wireless communication network infrastructure. The cloud service module is the core component of CLOTHO, which is based on the cloud data center. The main tasks of the cloud service module are managing the information of evacuees, shelters, and disasters and then providing personalized evacuation schemes for crowd in disaster.
B. Typical Scenario
In this paper, we consider as a typical disaster scenario the explosion of a chemical plant in Nanjing, China. When the disaster happened, toxic chemicals leaked and spreaded quickly. CLOTHO captured the time, location, affected area, and other information of the disaster and pushed them to those mobile terminals held by users needing to be evacuated. CLOTHO has the locations of all users online and the surrounding shelters. Then, based on the locations of users and shelters and other information (exp. the interpersonal relationships), CLOTHO used the built-in evacuation planning algorithm to provide the personalized evacuation planning schemes for users in order to guide them to the most reasonable shelters. Based on the user access module, users can see the visualized evacuation planning schemes on the screen of their smartphones with the routes, distances and time of evacuation. The user can obtain the specific evacuation guidance. In addition, the system provides the shelter information query function.
In addition, CLOTHO can provide services for the emergency management agency.
As mentioned above, the evacuation planning algorithm determines the performance of CLOTHO. In the following section, we will present two evacuation planning algorithms.
IV. EVACUATION PLANNING ALGORITHM

A. Problem Analysis
The disaster emergency evacuation planning problem is an NP-hard problem [16] and includes different methods to solve it, based on the research results of physics, genetics, and bionics have been proposed. These include simulated annealing (SA) [17] , tabu Search (TS) [18] , gravitational search algorithm (GSA) [19] , genetic algorithm [20] , [21] , ant colony optimization [22] , etc. However, there are some shortcomings of the emergency evacuation planning mechanisms based on heuristic algorithms, such as slow convergence, premature convergence, and local optimization. Before presenting our evacuation planning algorithm, we need to make three reasonable assumptions.
Assumption 1: Each evacuee can be assigned with only one shelter, and would like to follow the recommended evacuation directions to complete the evacuation.
Assumption 2: The capacity of each shelter is limited. In order to ensure that the evacuees can enter and stay in the shelters safely, the remaining capacity of each shelter cannot be negative.
Assumption 3: The occurrence of disaster will not cause serious damages to all the surrounding roads, bridges and other basic traffic facilities to make the evacuation impossible.
Based on the above assumptions, once the disaster happens, people within the area of the disaster should be quickly evacuated to the surrounding shelters through the existing traffic network. The following problem need to be solved.
The evacuees in the area affected by the disaster should be allocated to the nearby shelters in balance.
B. Evacuation Planning Algorithm Based on APF
The APF method is utilized here to model the large-scale emergency evacuation planning scenario.
Khatib [23] presented a unique real-time obstacle avoidance approach for manipulators and mobile robots based on the "APF" concept in 1986. The basic idea of the approach is to avoid the obstacle planning path by the potential field created by the attraction potential field generated by the target and the repulsion potential field generated by the obstacle. The mathematical model is practical with good real-time performance and simple structure, widely used in real-time obstacle avoidance and smooth track control scenarios. Evacuee moves as a particle in the virtual APF. The basic idea of the evacuation planning algorithm based on APF proposed in this paper, APF, is to make evacuees move toward the fastest decline directions of the total potential field with the gradient descent search method. The disaster point produces repulsion forces on evacuees. The shelters generate attraction forces on evacuees. The resultant forces of the attraction forces and the repulsion forces control the moving of evacuees. In particular, the closer to the shelters, the smaller the potential field value; the closer to the disaster point, the greater the potential field value [24] .
The theory of APF points out that in any environmental space, as long as there is a target point can produce a calculatable artificial potential field [23] . The forces on an evacuee X j in the potential field are shown in Fig. 1 .
Definition 1 (Total Potential Field):
In an emergency scenario, an evacuee is considered in a configuration space as a particle subjected to an APF called the total potential field. 
Definition 2 (Attraction Potential Field):
The attraction potential field is used to describe the force of attraction generated by the shelters in a configuration space.
Definition 3 (Repulsion Potential Field):
The repulsion potential field is used to describe the force of repulsion generated by the disaster point in a configuration space.
Supposing that the collection of the shelters is G = (G 1 , G 2 , . . . , G i , . . . , G m ), the collection of the evacuees is X = (X 1 , X 2 , . . . , X j , . . . , X n ) the coordinates of an evacuee is X j = (x j , y j ), and the coordinates of the shelter i is G i = (x i , y i ), the total potential field function U (X j ) can be defined as
where U i att (X j ) represents the attraction potential field generated by the shelter G i , and U rep (X j ) represents the repulsion potential field generated by the point O = (x o , y o ) , where the disaster happens.
We define the attraction potential field generated by the shelter G i as
where k is the attraction coefficient, and ρ(X j , G i ) is the Euclidean distance from X j to G i . The Euclidean distance between X j = (x j , y j ) and
where a = |y j −y i | is the difference between the latitudes of X j and G i , b = |x j −x i | is the difference between the longitudes of X j and G i , and R e = 6378.137 represents the spherical radius of the earth.
We use the FIRAS function [24] to establish the repulsion potential field function
where m is the repulsion coefficient, ρ(X j , O) denotes the Euclidean distance from X j to O, and ρ 0 represents the radius of the repulsion potential field, i.e., the effect area of the disaster.
Definition 4 (Virtual Resultant Force):
The virtual resultant force is the total force that is subjected to the moving direction of the evacuee.
Definition 5 (Attraction Force):
The attraction force shows the attraction effect of the shelters to the evacuee in a configuration space.
Definition 6 (Repulsion Force): The repulsion force shows the repulsion effect of the disaster point to the evacuee in a configuration space.
The virtual force on evacuee is defined as the negative gradient of the potential field. Therefore, the virtual resultant force F(X j ) is defined as
where F i att (X j ) represents the attraction force from G i , and F rep (X j ) represents the repulsion force from O.
The attraction force from G i on the evacuee is defined as
where F i att (X j ) is a vector pointing to X j , and the strength of F i att (X j ) is associated with X j and G i . The repulsion force is defined as the negative gradient of the repulsion potential field
where ∇ρ(X j , O) represents a unit vector from O pointing to X j .
Definition 7 (Shelter Distance Threshold):
The shelter distance threshold ρ G is a constant. The attraction potential field generated by the shelters can be controlled by ρ G , so as to eliminate the adverse effects of the shelters on the evacuees.
Definition 8 (Disaster Distance Threshold):
The disaster distance threshold ρ o is a constant. The repulsion potential field generated by the disaster point can be controlled by ρ o .
Step 1: The rectangular coordinate system xoy is established by the longitude x j and latitude y j of X j . Suppose that the angle between the link from the coordinates of the evacuee X j to the shelter G i = (x i , y i ) (identified as ρ(X j ,G i )) and the x-axis is α ij , the angle between the link from the coordinates of the evacuee X j to the disaster point [identified as ρ(X j , O)] and the x-axis is β j , and the angle of the virtual resultant force and the x-axis is η j . The initialization operations are performed on α ij , β j , η j , n, ρ o , and ρ G .
Step 2: According to the evacuee's coordinate X j = (x j , y j ) and the disaster point's coordinate O = (x o , y o ), the distance between the evacuee and the disaster point, d j 0 , called the Euclidean dangerous distance, is calculated and obtained with (3) . According to X j = (x j , y j ) and the shelters' coordinate G i = (x i , y i ), the distance between the evacuee X j and the shelters, d j Gi , called the Euclidean evacuation distance, is also calculated and obtained with (3).
Step 3: Each candidate shelter (G i ) is determined whether it satisfies d Gi j ≤ ρ G or not. The suitable shelters are labeled as the available shelters.
Step 4: α ij and β j are calculated with the inverse trigonometric function
Step 5: U i att (X j ) and F i att (X j ) from each shelter G i are calculated with (2) and (6), respectively.
Step 6: U rep (x j ) and F rep (x j ) from the disaster point O are calculated with (4) and (7), respectively.
Step 7: The orthogonal decomposition method of force calculation is adopted. According to α ij and β j , the sum of forces in the x-axis F sumx and in the y-axis F sumy can be calculated, respectively. Assume the point D = (F sumx , F sumy ), the total potential field U(X j ) and the virtual resultant force F(X j ) are calculated with (1) and (5), and then η j is calculated with
Step 8: The evacuation direction of the evacuee X j is determined with the resultant force F(X j ) and resultant force angle η j . Find the minimum value of |η j − α ij |, that is to determine the deviation of the shelter G i and evacuation angle η j is the smallest, and finally the shelter G i is used as the evacuation destination.
Step 9: The algorithm ends.
C. Relationship Attraction Force
The efficient evacuation must consider the mentality, emotion, and behavior of people [25] . Therefore, it is obvious that evacuating people with relationships to the same shelter will ease their nervous or fear moods effectively, so as to achieve the more humanitarian evacuation. With relationships, we improve APF to APF-RA. The forces on an evacuee X j in the potential field with relationship attraction are shown in Fig. 2 .
Definition 9 (Relationship Attraction Potential Field):
The attraction potential field is used to describe the force of attraction generated by the relationship of the evacuee in a configuration space. 
Definition 10 (Relationship Attraction Force):
The relationship attraction force shows the attraction effect of the relationship of the evacuee in a configuration space.
The relationship attraction potential field is introduced into the total potential field function. The total potential field with relationship attraction can be expressed as
where U rel (X j ) is the relationship attraction potential field. It is defined as
where b is the relationship attraction coefficient, ρ(X j , X r ) is the Euclidean distance between the evacuee X j and his/her relative X r , and ρ e is the action distance of the relationship attraction potential field. The virtual resultant force with the relationship attraction force can be simplified to
where F rel (X) is the relationship attraction force. It is defined as the negative gradient of the relationship attraction potential field
Definition 11 (Relationship Attraction Distance Threshold): The relationship attraction distance threshold ρ e is a constant. The attraction potential field generated by the relative can be controlled by ρ e , so as to eliminate the adverse effects of the relationship on the evacuees.
The rectangular coordinate system xoy is established by the longitude x j and latitude y j of X j . The angle between the link from the coordinates of X j to the shelter
and the x-axis is α ij , the angle between the link from the coordinates of X j to the disaster point [identified as ρ(X j , O)] and the x-axis is β j , and the angle between the link from the coordinates of X j to X r [identified as ρ(X j , X r )] and the x-axis is σ j . The angle between the virtual resultant force (included attraction force and repulsion force) and the x-axis is η 1 j , and the angle between the virtual resultant force with the relationship attraction force (included attraction force, repulsion force, and relationship attraction force) and the x-axis is η 2 .
The process of APF-RA is as follows.
Step 1: The initialization operations are performed with α ij ,β j , η 2 j , σ j , η 1 j , η 2 j , n, ρ 0 , ρ G , and ρ e .
Step 2: According to the evacuee's coordinate X j = (x j , y j ) and the disaster point's coordinate O = (x o , y o ) , the distance between the evacuee and the disaster point, d j 0 , called the Euclidean distance of dangerous, is calculated with (3). According to X j = (x j , y j ) and his/her relative's coordinate X r = (x r , y r ), the distance between the evacuee X j and X r , d r , called the Euclidean relationship distance, is also calculated and obtained with (3).
Step 3: Each candidate shelter (G i ) is determined whether it satisfies d j Gi = ρ G or not. The suitable shelters are labeled as the available shelters.
Step 4: α ij and β j are calculated with (8) and (9).
Step 5: U i att (X j ) and F i att (X j ) from each shelter are calculated with (2) and (6), respectively.
Step 6: U rep (x j ) and F rep (x j ) from O are calculated with (4) and (7), respectively.
Step 7: The orthogonal decomposition method of force calculation is adopted. According to α ij and β j , the resultant forces (included attraction force and repulsion force) in the xaxis F sumx and in the y-axis F sumy are calculated, respectively. Assume D 1 = (F sumx , F sumy ) as a point of the rectangular coordinate system xoy, U(X j ) and F(X j ) are calculated with (1) and (5), and then η 1 j is calculated with (10).
Step 8: Determine whether there is relationship attraction. If so, U rel (x j ) and F rel (x j ) from O are calculated with (12) and (14), respectively, and then go to step 9. Otherwise, turn to step 12.
Step 9: Determined whether it satisfies d r ≤ρ e or not. If so, continue to step 10. Otherwise, turn to step 12.
Step 10: The orthogonal decomposition method of force calculation is adopted. According to α ij , β j , and σ j , the sum of forces (included attraction force, repulsion force, and relationship attraction force) in the x-axis is F sumx and in the y-axis is F sumy can be calculated, respectively. Assume D 2 =(F sumx , F sumy ) as a point of as a point of the rectangular coordinate system xoy, U(X j ) and F(X j ) are calculated further with (11) and (13), and then η 2 j is calculated with (10). Determine whether ε = |σ j − η 2 j | (i.e., the angle between the virtual resultant force and relationship attraction force) is satisfied the evacuation condition. If so, continue to step 11. Otherwise, turn to step 12.
Step 11: The evacuation direction of the evacuee X j is determined with the relationship attraction angle σ (i.e., the shelter where X r is located as the evacuation destination of X j ) so as to bring evacuees the same shelter.
Step 12: The evacuation direction of X j is determined with F(X j ) and η 1 j . Find the minimum value of |η 1 j − α ij |, that is to determine the deviation of the shelter and evacuation angle η 1 j is the smallest, and finally the shelter is determined as the evacuation destination.
Step 13. The algorithm ends.
V. EXPERIMENTS
A. Experimental Scenario
We used a typical disaster event happened in Nanjing, China. The specific coordinate of the disaster is (118.774388 • E, 32.07471 • N). The radius of the effect area of the disaster is 1.6 km, which affects 8.042 km 2 .
There are 12 shelters within the radius of 2.5 km totally. These shelters can contain 139 833 persons totally. Assume that the total number of evacuees is 100, 200, 400, 800, 1500, and 2500, respectively. We designed and implemented a series of experiments to verify the effectiveness and convergence of APF and APF-RA algorithm, and compared their performances with typical algorithms, SA, TS, and GSA, respectively.
The capacity of shelter is adjusted proportionately, including the following two conditions. 1) Insufficient Capacity: The total capacity of the shelters is 10% less than the number of people needing to be evacuated. 2) Sufficient Capacity: The total capacity of the shelters is 10% more than the number of people needing to be evacuated. In Fig. 3 , the evacuation routes with different algorithms are compared in two cases of sufficient capacity and insufficient capacity, respectively. It can be seen from Fig. 3 that the evacuation routes of these algorithms in case of sufficient capacity are shorter than in case of insufficient capacity. In case of insufficient capacity, it can only be considered to evacuate to further shelter. This will lead to an increase to the evacuation routes inevitably.
B. Experimental Results and Performance Analysis Experiment 1 (Route and Time of Evacuation):
In general, the evacuation route of SA and GSA is the longest. Due to the "premature" defect of them, they tend to output an obtained local optimal solution as the global optimal solution. Second is TS, it accepts parts of the poor solutions by creating a tabu list, which will lead to output some local optimal solutions as global optimal solutions. The evacuation route of APF and APF-RA is the shortest. By introducing the disaster distance threshold ρ o , the range of the repulsion potential field can be adjusted and the local minimum problem of the algorithms are improved.
Because SA, TS, and GSA are easy to fall into the local optimum, the capacity allocation of the shelter is unbalanced. In the later period, they only consider the further shelters in the evacuation planning process, so the length of evacuation routes will be greatly increased with the increase of evacuee. APF and APF-RA establish the potential field in the disaster environment, they maintain the balance of shelter allocation during the evacuation process, so the evacuation route length tends to be stable as the size of the evacuees expands.
We also compared evacuation time with different algorithms are compared in two cases of sufficient capacity and insufficient capacity. We observed that the evacuation time of these algorithms in case of sufficient capacity are shorter than in case of insufficient capacity. In case of insufficient capacity, it can only considered to evacuate to further shelter. This will lead to an increase to the evacuation time inevitably.
The descending order of the evacuation SA, TS, and GSA are easy to fall into the local optimum, the capacity allocation of the shelter is unbalanced and the evacuation time is longer. APF and APF-RA establish the potential field in the disaster environment, and maintain the balance of the shelter allocation during the evacuation process. With the increase of evacuees, the overall evacuation time is shorter.
We observed that when the number of evacuee is 200, the evacuation time of SA and TS is the shortest. The reason is that APF and APF-RA describe the disaster environment with the potential field function and take real-time residual capacity parameter of the shelters as the attraction coefficient, so that the capacity of the shelter in the evacuation process is balanced, which saves a lot of evacuation time. In the evacuation of fewer evacuees, this advantage cannot be fully reflected. However, the advantages of APF and APF-RA are more and more obvious with the increase of evacuees.
Experiment 2 (Evacuation Success Rate): In Fig. 4 , the evacuation success rate with different algorithms are compared in two cases of sufficient capacity and insufficient capacity respectively. It can be seen from Fig. 4 that the evacuation success rate of these algorithms in case of sufficient capacity is higher than in case of insufficient capacity. In case of insufficient capacity, the capacity allocation of the shelter is more difficult, the number of the evacuees failed to evacuate increases, so the overall evacuation success rate is low.
In Fig. 4(a) , SA, TS, and GSA are easy to fall into the local optimum, the capacity allocation of the shelter is unbalanced, and the evacuation success rate is low. APF and APF-RA establish the potential field in the disaster environment, they maintain the balance of shelter allocation during the evacuation process, so the evacuation success rate is high. The advantages of APF and APF-RA are more and more obvious with the increase of evacuees. In Fig. 4(b) , the evacuation success rate of GSA, APF, and APF-RA is higher and remain stable gradually.
Experiment 3 (Evacuation Efficiency of SA, TS, GSA, APF, and APF-RA): In Fig. 5 , when the number of evacuee is 400, the evacuation efficiency are compared in two cases of sufficient capacity and insufficient capacity respectively. It can be seen that the evacuation efficiency of these algorithms in case of sufficient capacity is higher than in case of insufficient capacity. In the case of insufficient capacity, the capacity allocation of the shelter is more difficult, the number of the evacuees failed to evacuate increases, so the evacuation efficiency is low. Fig. 5(a) reflects the evacuation efficiency curve in the case of insufficient capacity. It can be seen that the evacuation efficiency of SA and TS is low. In the early period, the evacuation percentage of GSA increases slowly. In general, APF and APF-RA show a rapid and steady increase of the evacuation percentage, which reflect their excellent performance. Fig. 5(b) reflects the evacuation efficiency curve in the case of sufficient capacity. It can be seen that the evacuation efficiency of SA and TS is low. In the early period, the evacuation percentage of GSA increases fastly. In general, the evacuation efficiency of APF and APF-RA is the most ideal.
Experiment 4 (Humanitarian Evacuation Verification):
In the experiment, the proportion of evacuees who have relatives to be evacuated is 20%. The two curves in Fig. 6 indicate the proportion of humanitarian evacuation success in case of sufficient capacity and insufficient capacity. It can be seen from Fig. 6 that the proportion of humanitarian evacuation success is higher in case of sufficient capacity. In case of insufficient capacity, the proportion of humanitarian evacuation success is lower.
The reason is that the capacity of the shelter is limited, in the case of insufficient capacity, some of the evacuees due to capacity problems cannot evacuate to the same shelter with their relatives. Therefore, the capacity of the shelter is more, the proportion of humanitarian evacuation success is higher.
Experiment 5 (Computational Complexity):
In Fig. 7 , the time cost is compared in two cases from sufficient capacity and insufficient capacity respectively. It can be seen that the time cost of these algorithms in case of sufficient capacity is smaller than in case of insufficient capacity. In the case of insufficient capacity, it needs to operate several times in order to find a suitable shelter, the number of operations of the algorithm increases and results in the time cost increases.
In general, the computation cost is increased in the latter period of the searching process and resulted in a larger time cost of SA and TS due to the unbalance of shelter allocation. Second is TS, the length of the tabu list is too long that leads to an increase of the algorithm storage, so the time cost increases. APF and APF-RA establish the potential field in the disaster environment, and maintain the balance of the shelter allocation during the evacuation process, so the time cost is small.
In Fig. 5(b) , the time cost of GSA is between APF and APF-RA when the number of evacuee is between 200 and 1500 people. The reason is that APF has the characteristics of small computational amount and high real-time, so the time cost is lower than other algorithms. APF-RA adds the judgment and calculation of relationship attraction based on APF. This leads to a slightly higher time cost than APF. The time complexities are SA: O(nlogn), TS: O(n2), GSA, APF, APR-RA: O(n). It can be seen from the table that the time complexity of TS and SA is larger, so the time cost of the two is higher. The time complexity of GSA, APF, and APF-RA are smaller, so the time cost are lower. APF-RA adds the judgment and calculation of relationship attraction based on APF, but this does not cause an increase in the time complexity, so the performance of APF is guaranteed.
VI. CONCLUSION
After the occurrence of large-scale disasters, rapid and orderly evacuation is high importance. Orderly evacuation will largely calm evacuees which is crucial to speed up the evacuation efficiency. In this paper, we focused on this problem, as the existing evacuation algorithms consider some aspects of the emergency evacuation planning problem. We proposed an IoT-based solution that can improve the accuracy and convergence speed while taking the load balance of the shelters into account. The contributions of this paper include the following.
The APF-RA can ensure the evacuation with high efficiency with special attention to human psychological factors. What matters is that it can ease the anxiety, depression, disturbance of consciousness, and other psychological symptoms of evacuees which appear after the disaster occurs. CLOTHO realizes a more humanitarian evacuation. We apply APF and APF-RA to CLOTHO, which can effectively shorten the evacuation route length and evacuation time. Future extensions of this paper will aim to extend our solution for the following cases. We aim to explore a more complex evacuation planning use case so to test the performance of our system in a dynamic scenario.
